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We have developed an algorithm known as the Z-buﬀer segmentation (ZBS) algorithm for segmenting vascular structures from
3D MRA images. Previously we evaluated the accuracy of the ZBS algorithm on a voxel level in terms of inclusion and exclusion of
vascular and background voxels. In this paper we evaluate the diagnostic ﬁdelity of the ZBS algorithm. By diagnostic ﬁdelity we
mean that the data preserves the structural information necessary for diagnostic evaluation. This evaluation is necessary to establish
the potential usefulness of the segmentation for improved image display, or whether the segmented data could form the basis of a
computerized analysis tool. We assessed diagnostic ﬁdelity by measuring how well human observers could detect aneurysms in the
segmented data sets. ZBS segmentation of 30 MRA cases containing 29 aneurysms was performed. Image display used densitometric
reprojections with shaded surface highlighting that were generated from the segmented data. Three neuroradiologists independently
reviewed the generated ZBS images for aneurysms. The observers had 80% sensitivity (90% for aneurysms larger than 2mm) with
0.13 false positives per image. Good agreement with the gold standard for describing aneurysm size and orientation was shown.
These preliminary results suggest that the segmentation has diagnostic ﬁdelity with the original data and may be useful for improved
visualization or automated analysis of the vasculature.
 2004 Elsevier Inc. All rights reserved.
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Segmenting medical images is the process of identi-
fying and extracting pixels (2D) or voxels (3D) corre-
sponding to an object of interest within the image. This
segmented data set could then be displayed in an in-
formative manner (e.g., [1,2]), used to quantify a disease
process (e.g., [3]), or provide input to a computer aidedqThis work was partially supported by NIH Grants RO1 48223
and RO1 53596.
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doi:10.1016/j.jbi.2003.12.001detection scheme (e.g., [4]), among a variety of other
applications.
The intracranial vasculature presents an interesting
segmentation problem, both because of the signiﬁcance
of intracranial vascular disease and because of the dif-
ﬁculties in accurately separating the vasculature from
the surrounding tissue.
Segmentation of intracranial MRA images is not a
trivial task. Because TOF MRA uses velocity for vessel
contrast, the parabolic ﬂow distribution across a vessel
generates a non-uniform, nearly parabolic, intensity
proﬁle approaching background tissue intensity at the
vessel wall. In vascular structures where ﬂow can be
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be signal loss either due to phase mixing or stagnant
ﬂow. Additional inhomogeneities in arterial signal
comes from non-uniform slab excitation proﬁles and
non-uniform MR receiver coil sensitivity. Arterial signal
inhomogeneity combined with the partial volume aver-
aging inherent in all physical imaging systems, makes
vascular MRA segmentation diﬃcult. Simple intensity
thresholding is usually not suﬃcient to adequately sep-
arate the vessels from the background [5–7].
Sato et al. [8] and Frangi et al. [3,9,10] have explored
segmentation based on thresholding the output from
multiscale Hessian matrix based line-enhancement ﬁl-
ters. The ﬁlters increase the separation between back-
ground and vessel distributions, making thresholding a
more accurate segmentation technique. Aylward and
Bullitt [11,12], followed a related path using the Hessian
matrix to identify tubular ridges and then extracting the
vessel centerline and estimating vessel radius to segment
the vessels. However, some vascular structures, such
as aneurysms, do not satisfy the assumptions of these
ﬁlters.
Non-ﬁlter based techniques include Gaussian mixture
models (e.g., [13]) where maximum likelihood estimates
of the underlying tissue compartments are used to
identifying a vascular tissue compartment which is then
segmented. Lorigo et al. [14] have used an active contour
model to segment the vasculature; starting from a seed
point connected regions are extracted subject to
smoothness constraints. These approaches typically
show good large vessel detail, but fail to capture small
vessel detail.
We have developed an alternative segmentation
scheme that is simple and makes minimal assumptions
about the vasculature [15]. The algorithm, known as the
Z-buﬀer segmentation (ZBS) algorithm, couples voxel
intensity thresholding with local smoothness in the MIP
Z-buﬀer to segment the vasculature (and any other
structure that appears in the MIP). Essentially the ZBS
algorithm exploits the spatial continuity information of
vascular structures in the Z-buﬀer to generate intelligent
seed points for 3D intensity-based segmentation. Our
experience indicates that the ZBS algorithm is robust in
the presence of the arterial signal variability described
above.
We have shown elsewhere that the ZBS algorithm has
a high technical accuracy [16,17], as characterized by its
inclusion of vessel voxels and exclusion of background
voxels. Since our previous evaluations were done on a
voxel level, we had no information regarding how well
the ZBS algorithm preserved structural information
needed for diagnosis. As the next step in the evaluation
process, therefore, we evaluated how well the ZBS al-
gorithm preserved diagnostic information. We referred
to the preservation of diagnostic information as diag-
nostic ﬁdelity. We felt that the most informativeapproach to evaluating this would be with an observer
performance task. We selected detection of intracranial
aneurysms (IAs), because of the availability of a good
quantity of positive MRA images and because aneurysm
detection can be quite tedious. In this paper we present
our preliminary experiments to assess the diagnostic
ﬁdelity of the ZBS algorithm.
1.1. Intracranial vascular disease
Intracranial vascular imaging is an important and
challenging problem, since intracranial vascular disease
is a major source of death and morbidity worldwide.
The death rate due to stroke in North America has
doubled between 1940 and the present [18] resulting in
an estimated annual cost of stroke management in the
United States of $6.5 to $12 billion dollars [19]. If lost
wages are included the cost increases to $15 to $30
billion per year [20]. About one-quarter of cerebro-
vascular deaths are due to subarachnoid hemorrhage
(SAH). Approximately 80–90% of SAHs are caused by
ruptured intracranial aneurysms, killing or disabling
approximately 20,000 individuals in North America
each year. Intracranial aneurysms are described as ei-
ther berry (localized bulging of the arterial wall, usu-
ally at arterial bifurcations or locations with high
vascular curvature) or fusiform (extensive dilations of
the vessel). Treating intracranial aneurysms before they
rupture has a signiﬁcantly lower morbidity and mor-
tality. The mortality and morbidity rate for patients
who suﬀer an acute spontaneous SAH is approximately
60% [21]. By contrast, treatment of unruptured IAs
involving elective surgery has a per case mortality rate
below 2% [22].
Radiological detection of unruptured intracranial
aneurysms can be challenging. The traditional intra-
cranial vascular imaging modality, catheter angiogra-
phy, is invasive and expensive and typically provides
only a 2D projection of the vasculature. Exquisite vas-
cular detail can be achieved, however, with digital sub-
traction. Magnetic resonance angiography (MRA) or
computed tomography angiography (CTA) provide
much less invasive methods of imaging the vasculature
and provide 3D images. MRA is particularly attractive
because images can be obtained without ionizing radi-
ation or iodinated contrast (are typically obtained
without any contrast agent), the images contain rela-
tively high vessel to signal contrast, and the arterial
vasculature can be imaged without venous contamina-
tion. In addition to the challenges associated with ve-
nous contamination, evaluation for aneurysms in CTA
is also complicated by the presence of bone, which like
the vasculature appears bright in the image, and a higher
(relative to the vasculature) background signal. These
eﬀects make global projections of the vasculature in
CTA diﬃcult.
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characteristics, MRA could be used to evaluate patients
with clinical suspicion of aneurysms, to screen individ-
uals from families with high risk for intracranial aneu-
rysms (IAs) [23] or to provide serial follow up to patients
with known or treated aneurysms.
1.2. MRA acquisition and review
There are a variety of MRA methods to create images
of the vasculature. The most commonly used technique
is time-of-ﬂight (TOF) imaging [24–27], which is the
focus of this paper. TOF imaging uses a heavily T1
weighted gradient echo sequence. In-ﬂow of blood from
non-saturated regions results in the blood appearing to
have a short T1 value. The vasculature thus appears
bright in the images. The resulting signal intensity de-
pends on ﬂow velocity. To maximally exploit this eﬀect
in intracranial imaging, TOF imaging is done with axi-
ally oriented slices. Because of the basically opposite
ﬂow directions of arterial and venous blood, spatial
saturation radio frequency pulses can be applied to the
venous inﬂow side of the slab to eﬀectively suppress the
signal from veins in the imaging volume.
The majority of the MRA volume is non-vascular
tissue and therefore not generally of interest. In recent
years the resolution and volume coverage has increased
for intracranial MRA protocols. Zero-ﬁlled interpola-Fig. 1. Example images illustrating the information content in individual slic
(A) the slice is taken at the level of the anterior communicating artery. In exam
a large aneurysm can be seen.tion (ZFI) [28–32], in which the image is reconstructed
on a matrix with a larger number of voxels than the
acquisition matrix (hence smaller voxel spacing), has
been found to be important for MRA. The combination
of increased acquisition resolution and ZFI has in-
creased MRA image sizes to a degree such that eﬀec-
tively and eﬃciently reviewing the image information
has become a signiﬁcant challenge for radiologists.
Traditional review of MRA imaging relies on con-
currently reviewing individual slice (cross-sectional)
images, planar reformatted images (oblique slices
through the acquired volume), and maximum intensity
projection (MIP) [33,34] images of the entire intracranial
circulation as well as projections of individual circula-
tions (e.g., anterior, posterior, left middle cerebral, and
right middle cerebral).
The MIP algorithm is a simple volume rendering
technique used to generate a 2D image. The MIP algo-
rithm passes an array of rays through the volume and
assigns to each ray the value of the brightest voxel
through which the ray passed. The resulting array of
maximum values forms the 2D image. The MIP algo-
rithm is used in MRA rather than the densitometric
(X-ray like) projection, because the relatively high
background signal present in MRA images results in low
vessel contrast. (Fig. 1 shows cross-sectional images,
MIP projection images, and densitometric projection
images for comparison.) Because the MIP algorithmes, in global MIP images and in global summation images. In example
ple (B) the slice is taken at the level of the left MCA bifurcation where
22 B.E. Chapman et al. / Journal of Biomedical Informatics 37 (2004) 19–29decreases background signal variance, the resulting MIP
images have improved signal-diﬀerence-to-noise ratio
(SDNR) for large, bright vessels. However, the MIP
algorithm also increases the mean background sig-
nal, resulting in decreased conspicuity for small, faint
vessels [35].
The cross-sectional images, planar reformatted
images and MIP images have drawbacks. The source
cross-sectional images contain the maximum amount of
information for the vasculature intersecting the plane of
the cross-sectional slice. Because the slices are quite thin
and the intracranial vasculature is tortuous, these slice
images are ineﬃcient as a display method because a
single slice contains little global information about any
single vessel in the overall vascular network. The planar
reformatted images suﬀer from the same low vessel
density problems described for the source images and
have the additional potential problem of lower in-plane
resolution from anisotropic voxels. The MIP algorithm
provides no overlap information, because only the
maximum intensity encountered contributes to the
projected image. The masking property of the MIP al-
gorithm can make detection of some vascular structures
such as small aneurysms diﬃcult because they may be
completely obscured by larger structures in the projec-
tion image. Because of the ambiguity resulting from loss
of overlap information in MIP images, multiple MIP
image sets are frequently generated for each circulation
system (e.g., posterior, left and right anterior).
The tedious nature of the task may reduce observer
performance as has been seen with other screenings
tasks [36,37]. With recent advances to computer hard-
ware and algorithms volume rendering techniques have
shown promise in improving image display [38]. How-
ever, these techniques are sensitive to the transparency
values which are used and still provide only a visual
assessment.
1.3. MRA and intracranial aneurysm detection
For many years MRA has been seen as an attractive
modality for imaging intracranial aneurysms. In 1994
Huston et al. [39] reported the sensitivity of MRA for
IAs. The study population consisted of 35 patients (16
positive for aneurysms) with 27 IAs ranging in size from
2 to 21mm (avg. 6.3mm). TOF MRA had an overall
sensitivity of 55.6% and a sensitivity of 87.5% for an-
eurysms greater than or equal to 5mm. More recently
White et al. [40] reported MRA sensitivity of 86% for
aneurysms greater than or equal to 5mm and a sensi-
tivity of 35% for aneurysms less than 5mm (51% overall)
from a cohort of 142 patients. There were 0.23 false
positives per image (FPI). In another recent study of 82
patients with 133 IAs ranging in size from 0.5 to 25mm
(avg. 5.2mm), Okahara et al. [41] reported a sensitivity
of 79% by a neuroradiologist with 0.35 FPI.2. Methods
In this experiment we used the ZBS algorithm to
process a number of intracranial MRA cases obtained
with varied acquisition protocols. Segmentations were
rendered as GIF movie ﬁles for subsequent viewing by
experienced radiologists.
2.1. Patient selection and imaging consideration
We retrospectively evaluated 3D TOF MRA images
from 30 subjects. Subjects included: (a) patients evalu-
ated clinically (19), typically for evaluation subsequent
to a subarachnoid hemorrhage or following a history of
headache; (b) subjects participating in an MR screening
project for families with high risk of aneurysm forma-
tion (5), (c) healthy volunteers (4), and (d) patients with
known aneurysms screened for research purposes (2).
The median subject age was 51 years (min 19, max 76).
Subjects were imaged with a customized high reso-
lution 3D TOF protocol on a 1.5 T Signa (General
Electric) MR scanner. A reduced volume end-cap bird-
cage coil [42] was used for both excitation and reception.
This coil provided increased signal-to-noise ratio (SNR)
and improved intensity homogeneity, compared to the
standard General Electric head coil. Partial (central
k-space) magnetization transfer was used to suppress
background signal. A ramped radio frequency excitation
(variation from 25 to 35 across the selected slab) was
used to reduce ﬂow saturation. Images were acquired on
a 512 192 64 grid covering a 220 165 58mm3
imaging volume. To reduce the minimum echo time,
only 60% of the echo was sampled. Images were re-
constructed using a homodyne technique [43] cou-
pled with zero-ﬁlled interpolation [30,32,44] to a 1024
768 128 matrix and subregioned to a 512 512 120
matrix centered around the Circle of Willis.
2.2. ZBS segmentation
The ZBS algorithm was used to generate a vascular
segmentation. ZBS parameters were the default values
described in Parker et al. [15]. The orbits of the eyes
and subcutaneous fat surrounding the skull were
manually edited from the images before the ZBS seg-
mentation.
2.3. Volume rendering
Volume rendered images were generated from the
segmented data by combining densitometric projections
with shaded surface highlighting to provide depth cues.
Projections were made with view angles varying in 15
increments to match the MIP reprojections used for
clinical diagnosis. Four image sets were made for each
subject: (1) a volume consisting of all circulations, (2) a
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subregioned volume of the right anterior circulation,
and (4) a subregioned volume of the posterior circula-
tion. The ﬁrst volume was rotated around the anterior–
posterior axis. The remaining three volumes were
rotated around the superior–inferior axis. The images
were rendered with parallel projections thus preserving
the scale information present in the original MRA data.
2.4. Gold standard review
Because we wanted to assess the diagnostic ﬁdelity
(preservation of diagnostic information present in the
original MRA images) of the ZBS algorithm, we viewed
the full 3D MRA data as the gold standard. Contrast
enhanced images, if available, were reviewed along with
the TOF images to assist in the characterization of the
vasculature for the gold standard. The images for each
subject were reviewed for the presence of aneurysms by
a neuroradiologist with extensive experience with in-
tracranial MRA. This review was conducted without
reference to the ZBS segmentation of the images. Rather
the image review used subregioned MIP images (pos-
terior circulation, right and left circulations) generated
at 15 increments and the original source images. For
this preliminary evaluation, a single neuroradiologistTable 1
Aneurysms included in this study
Aneurysm No. Patient number Location
1 1 Left PICA
2 2 Left opthalmic
3 2 Right posterior P1
4 4 Right posterior P2
5 5 Left MCA
6 5 Right MCA
7 6 Left MCA
8 9 Left MCA
9 10 Right anterior A2
10 11 Basilar tip
11 12 Left posterior P2
12 13 Left posterior P1/
13 14 ACOM
14 15 Right PCOM
15 15 Basilar tip
16 16 ACOM
17 17 Left cavernous IC
18 21 Left MCA
19 21 Left distal ICA
20 21 Right MCA
21 23 Right posterior P1
22 24 Right distal ICA
23 25 Left ICA/MCA
24 26 ACOM
25 27 Right opthalmic
26 27 Left PCOM
27 28 Left cavernous IC
28 29 Left supraclinoid/
29 30 Right posterior P2reviewed and annotated the images. Aneurysm size was
determined by measuring the maximum dimension of
the aneurysm with digital measuring tools on the radi-
ology workstation. Orientation was visually estimated
by the radiologist. We also note that this same radiol-
ogist was involved in reading all of our MRA images
prior to any surgical interventions and in no case was
there a discrepancy between the MRA reported aneu-
rysm and that observed at surgery for all cases that went
to surgery. This does not prove the validity of the gold
standard but does provide evidence for the credibility.
2.5. ZBS image review
Three board certiﬁed neuroradiologists evaluated the
images for the presence of aneurysms. The radiologists
were not speciﬁcally involved with the ZBS develop-
ment, but were familiar with ZBS generated images. One
of the reviewers had performed an observer assessment
of pathology free ZBS images prior to performing the
aneurysm detection task. The radiologists were provided
written explanations of the tasks as well as a description
of how the images were created. The radiologists were
not trained speciﬁcally on aneurysm detection with the
ZBS images because of the limited number of positive
cases available.Type Size Orientation
Berry L (0; 0; 1)
Berry M (1; 0; 0)
/P2 Berry S —
/PCA Berry L (1; 0; 1)
Berry L (1; 0; 1)
Berry S (1; 0; 0)
Berry L (1; 0;1)
Berry M (1; 0; 1)
/ACA Berry M (1; 1; 0)
Berry L (1; 0; 1)
PCA Berry S (0; 0; 1)
P2 PCA Berry L (0; 0;1)
Berry L (1; 1; 0)
Berry L (1;1; 0)
Berry S (0; 0; 1)
Berry M (1; 0;1)
A Berry S (0; 0;1)
Berry L —
Berry L —
Berry S —
/P2 Berry S (0; 0; 1)
Fusiform — —
Berry M (0; 0; 1)
Berry M (1; 0;1)
Berry M (1; 0;1)
Berry S (0; 0;1)
A Fusiform — —
ICA Berry L —
/P3 Berry M —
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movies which rotated around either the anterior–pos-
terior axis (volume 1 consisting of all circulations) or the
superior–inferior axis (volumes 2–4). Observers were
free to change the frame rate or to freeze a frame for
detailed review. For each subject, the radiologists had
simultaneous access to all four volumes. They were free
to review or not review any particular volume. The re-
views were conducted independently by each radiologist.
Observers were asked to record the presence of any
aneurysms within the image and for berry aneurysms to
note the origin, orientation, and size of each aneurysm.
Observers evaluated the images on personal computers.
Observing conditions were not controlled or monitored
nor was feedback provided to the observers.
2.6. Analysis
We compared the three radiologists aneurysm read-
ings against those of the gold standard neuroradiologist.
For each of the three radiologists, we computed the
aneurysm detection sensitivity and the number of false
positives per image. We also examined agreementFig. 2. Example images of an abnormal patient with a (1) large left MCA, (
PCOM. Aneurysms are numbered and marked by arrows. (A) View gene
circulation.between observers and the gold standard for character-
ization of aneurysm size and orientation.3. Results
3.1. Gold standard review
In the gold standard review, the radiologists anno-
tated 29 aneurysms in 23 out of 30 subjects. Aneurysm
size ranged from 2 to 40mm. Both berry and fusiform
aneurysms were present. Three patients had two aneu-
rysms each and one patient had three aneurysms. Table
1 characterizes the aneurysms evaluated in this study.
One patient (patient 13) with a large basilar tip aneu-
rysm, had a catheter angiogram which conﬁrmed the
ﬁnding of the MRA exam.
3.2. Detection results
Examples of the generated images are shown in
Fig. 2. The sensitivities and false positives per image
(FPI) for each observer are shown in Table 2.2) small right M1 aneurysm, and a (3) large aneurysm at the left ICA/
rated from entire circulation. (B) View generated from left anterior
Table 2
Observer performance results
Observer False positives per image Sensitivity (%)
1 0.133 86.21
2 0.0667 79.31
3 0.200 75.86
Fig. 4. Plots of sensitivities versus FPI for the current study (ZBS) and
three published studies for MRA detection of aneurysms. Huston et al.
[39] did not report false positive values.
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As would be expected, small aneurysms (n ¼ 6)
proved the most diﬃcult to detect. There were three
aneurysms less than or equal to 2mm in maximum size,
none of which were detected by any of the observers and
three aneurysms annotated as being 3mm, all of which
were detected by all three observers. If we only consider
aneurysms larger than 2mm the sensitivities increased
for all observers to 96.15, 86.7, and 88.46%, respectively.
There were nine medium-sized aneurysms (greater than
or equal to 4mm and less than 10mm). The only me-
dium sized aneurysm missed by multiple observers (2 of
3) was a 4mm berry aneurysm at the junction of the left
internal carotid artery (ICA) and ophthalmic artery
(Fig. 3). No large aneurysms were missed by any of the
observers. One fusiform aneurysm was missed by one
observer. Fig. 4 plots the sensitivity, FPI values for this
ZBS study, and traditional reviews of MRA data. As the
plots show, our detection results are similar to those
achieved using traditional reviews. (Note that our size
cutoﬀ for small aneurysms here is larger than 2mmFig. 3. Image of a subject where multiple observers missed a small berry aneu
artery. The aneurysm is marked with an arrow. The image was generated frrather than larger than 5mm as in most of the published
results.)
3.4. Size estimation
Observers evaluated the images without the use of
electronic measuring devices. Therefore all size estimates
were done based on reference to expected size of normal
anatomy. We compared the size characterization of
berry aneurysms provided by the gold standard and the
three observers. Because of the inherent imprecision inrysm at the junction of the left internal carotid artery and ophthalmic
om the full intracranial circulation.
Fig. 5. Histogram of directional consistency values obtained from the
pooled results of the three observers.
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gories: small (less than 4mm maximum dimension),
medium (greater than or equal to 4mm and less than
10mm maximum dimension), and large (greater than or
equal to 10mm maximum dimension). These size cate-
gories were selected to evenly distribute the aneurysms
in our study. For the detected aneurysms, the observers
tended to underestimate size slightly (13 underestimates
compared to 8 overestimates). We measured the agree-
ment between each observer and the gold standard sizeFig. 6. Image with two observers calling a false positive aneurysm at the ACO
observer called a medium (between 4 and 10mm) aneurysm. The image wasclassiﬁcation. Because the marginals were not equal the
assumptions for the kappa statistic were not satisﬁed.
Therefore, we tested agreement with Finns r (rF) [45].
The reviewers showed good agreement with the gold
standard size with rF values of 0.71, 0.77, and 0.84.
3.5. Orientation
The observers were asked to provide an orientation
for every aneurysm they observed. There was not com-
plete compliance to this request. All three observers
provided a directional description for 15 aneurysms
where the direction was also provided by the gold
standard radiologist. The directions were speciﬁed using
superior/inferior/none, anterior/posterior/none, and left/
right/none descriptions. Unit vectors matching these
descriptions (e.g.,‘‘superior, posterior’’ corresponds to
(1=
ﬃﬃﬃ
2
p
,0,1= ﬃﬃﬃ2p )) were used to compute the angle be-
tween the gold standard and the observer speciﬁed ori-
entations. This is a fairly coarse description with a
minimum angle between diﬀerent orientations of 35.
The angle between the gold standard and observer
orientation was then computed. The mean angular
diﬀerence across the three observers was 40.1, with
individual means of 39.1, 35.6, and 45.6. The histo-
grams of the angular diﬀerences is shown in Fig. 5.M. One observer called a small (less than 4mm) aneurysm. The other
generated from the full intracranial circulation.
Fig. 7. Image with two observers calling a small (less than 4mm) aneurysm at the right MCA (arrow). The image was generated from the subregioned
right anterior circulation.
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3.6.1. Aneurysm size
Overall there were 12 false positive reports. The size
distribution for these reports was as follows: seven small
berry aneurysms, four medium berry aneurysms and one
fusiform aneurysm (size was not recorded for fusiform
aneurysms). Whereas observer three had a larger num-
ber of false positives, he had a higher proportion of
small false positives (5 of 6) compared to observer one (1
of 4) and observer two (1 of 2).
3.6.2. Aneurysm location
False positives occurred most frequently at the ante-
rior communicating artery (ACOM) (5 of 12), followed
by the middle cerebral artery (MCA) bifurcation/tri-
furcations (3 of 12) and the ICA (3 of 12). There were
two locations where multiple observers had false posi-
tive calls. The locations with multiple false positive calls
were: (1) the ACOM of patient 7 (Fig. 6) and (2) the
right MCA of patient 8 (Fig. 7).4. Discussion
We have demonstrated that the ZBS algorithm can be
used to obtain highly segmented images with diagnostic
ﬁdelity. Aneurysm detection relying solely on the ZBS
images demonstrated high sensitivity: around 90% for
aneurysms greater than or equal to 2mm in maximum
diameter and around 80% overall. This compares fa-
vorably with sensitivity values reported in the literature
(see Section 1.3). There was good agreement shown
between the size and orientation reported by the ob-
servers and the size and orientation reported by the goldstandard. Directional consistency, however, showed that
observers tended to provide a slightly diﬀerent orienta-
tion than the gold standard. Given the coarseness of the
task, this diﬀerence does not seem signiﬁcant. The high
detection sensitivities and good agreement in size and
orientation characterization indicate to us that the ZBS
algorithm is preserving most of the diagnostic infor-
mation present in the 3D volume. (It should be noted
that the majority of our cases came from a screening
population where DSA validation was typically not
clinically indicated. The values reported in the literature
typically used DSA as the gold standard.)
We have previously demonstrated the technical eﬃ-
cacy of the ZBS algorithm, as quantiﬁed by the exclu-
sion and inclusion of individually classiﬁed voxels
[16,17]. However, our previous studies did not assess the
preservation of diagnostic content. We believe this study
has demonstrated this. The observer performance is
dependent on two technical steps. First, the generation
of the segmented data set and second, the visual ren-
dering of that set. These variables are confounded in the
experiment and cannot be separated out in our data. In
this study we have chosen to use a combination of a
densitometric projection and shaded surfaces. This dis-
play technique seemed to us to best present the infor-
mation that is contained in the ZBS data. We have
found this technique to be useful and well accepted by
clinicians at our institution including radiologists and
neurosurgeons. However, we have not exhaustively
compared rendering techniques for the segmented data
and do not claim this to be the optimal rendering. In fact
the use of the shaded surface may make the rendering
more sensitive to partial volume segmentation. This in
turn could be problematic for the detection of small
aneurysms. We are actively working on reducing these
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believe the results here demonstrate the feasibility of our
approach.
Previous researchers have shown that perception task
performance is related to the familiarity with the scene
and how abnormalities are manifested in the scene
[46,47]. Thus since the ZBS algorithm images are pre-
sented in a way that is visually quite diﬀerent than the
standard radiological image, observer performance may
be reduced until the observer gains familiarity with the
visualization modality. Unfamiliar presentations typi-
cally increase the number of false positives [48]. There is
surprisingly little literature regarding observer perfor-
mance on segmented data sets. Croisille et al. [49]
showed improved observer performance in lung nodule
detection when the vasculature was segmented and re-
moved from the spiral CT images. Images were reviewed
in a normal slice by slice manner. Thus their experiment
has little similarity with ours.
By reviewing the ZBS images without reference to the
original source images, we have assessed the information
content in the ZBS images, not the potential impact on
clinical practice. In actual practice the original source
images would be available for review to resolve any
ambiguities in the projection images.
This preliminary study has several limitations. First,
the evaluation was done on a small number of cases. We
examined images from 30 subjects containing 29 aneu-
rysms in 23 subjects. Our population is thus enriched
relative to either a typical screening or clinical popula-
tion. However, the recent study by Gur, et al. [50] in-
dicates that there is not a prevalence (enrichment) eﬀect
in laboratory experiments. Second, the observers did not
receive training to increase familiarity with aneurysm
presentation in ZBS images prior to the evaluation. This
was due to the limited number of positive cases avail-
able. As alluded to above, we believe the diﬀerences in
appearance between the ZBS images and traditional
rendering (e.g., MIP images) may have decreased ob-
server performance. This is a conservative bias in that
we would have therefore underestimated the diagnostic
content of the images. Third, the yes/no nature of the
design did not allow us to trace out the full free response
ROC curve. This is a common limitation in many im-
aging assessments. Fourth, MRA techniques have
evolved signiﬁcantly, and the images evaluated here are
not representative of what can be acquired currently.
Indeed the continuing improvement of MRA techniques
in general makes comparisons to previous published
results diﬃcult. Since generation of the data used in this
study, we have improved MRA quality by implementing
full ﬂow compensation and have also improved the in-
terpolation technique used in the ZBS image rendering.
The relatively high sensitivities we observed for de-
tecting aneurysms indicate that ZBS algorithm demon-
strates diagnostic ﬁdelity and therefore may be usefulfor displaying images for review, and may be of value
for computer aided detection, characterization or
quantiﬁcation. We are currently designing studies to
assess the diagnostic ﬁdelity of the ZBS algorithm for
other disease processes. We are also designing a larger
study to compare radiologist performance using the full
3D data compared to using only the ZBS data.References
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